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ABSTRACT OF DISSERTATION 
 
 
Measured Soil Hydraulic Properties as RZWQM2 Input to Simulate Soil Water 
Dynamics and Crop Evapotranspiration 
 
Agricultural system models integrate many different processes that cannot all be 
measured in field experiments and help quantify soil water dynamics, crop 
evapotranspiration, and crop growth with high temporal resolution. Understanding soil 
water dynamics and crop evapotranspiration is essential to improve agricultural 
management of field crops. For example, the interaction between nitrogen application rate 
and water dynamics is not sufficiently understood. In most cases, model simulations 
deviate from field measurements, especially when model input parameters are indirectly 
and unspecifically derived. The extent to which measured soil hydraulic property inputs 
decrease the discrepancy between measured and simulated soil water status is not well 
understood. Consequently, this study: (i) investigated thr use of measured soil hydraulic 
properties as Root Zone Water Quality Model (RZWQM2) inputs compared to indirectly 
derived inputs; (ii) explored the capability of calibrating measured soil hydraulic property 
input parameters for one crop and using them for other crops without further calibration; 
(iii) studied the effect of the nitrogen application rate on the behavior of soil water 
dynamics and crop evapotranspiration using RZWQM2 under different rainfall amounts. 
To evaluate the model in different field management conditions, a field experiment with 
soybean, corn, wheat, and fallow soil was conducted from 2015 – 2017 to collect field data 
to calibrate and validate the RZWQM2 model. The model presented a satisfactory response 
to using measured soil hydraulic property inputs and a satisfactory capability to quantify 
 
 
the effect of nitrogen rates on daily crop evapotranspiration, soil water dynamics, and crop 
growth. With sufficient measurements of soil hydraulic parameters, it was possible to build 
a RZWQM2 model that produced reasonable results even without calibration. 
KEYWORDS: Measured Soil Hydraulic Properties, Model Calibration, RZWQM2, Soil 
Water Dynamics, Evapotranspiration Behavior, Nitrogen Application Rate. 
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Chapter 1 General Introduction 
1.1 Agricultural Management and Modeling 
Agriculture needs to provide food for the world’s population, which will be almost 
10 billion by 2050 (Food and Agriculture Organization of the United Nations (FAO), 
2017). However, this support needs to be increased as the world population and its demands 
for food, water, and energy have increased (Jones et al., 2017a). Increasing the agricultural 
production with the same limited arable land requires an integrated agriculture 
management plan to incorporate the impacts of soil, water, weather, land use practices, and 
crops (Portmann et al., 2010). Many agricultural management practices have been applied 
around the world with regard to soil, irrigation system, fertilization, crop, and management 
practice for improving the crop production (Dolan et al., 2006; Halvorson et al., 2008; Lin, 
2011; Rusan et al., 2007; Snyder et al., 2009). However, most of the above-mentioned 
practices are not able to incorporate the impacts of all management components in one 
study. Therefore, improving agricultural management by integrating all management 
components with one another and with their environment to determine overall system 
behavior becomes a necessity to increase crop production (Jones et al., 2017b; Wallach et 
al., 2013).  
Agricultural system models can be useful and valuable tools for developing a 
sustainable agriculture production across the diverse agro-ecological systems by 
integrating most of the agricultural management components. Agricultural system models 
are used as decision support tools for field management such as cultivar selection, planting 
date, fertilization rate and timing, and irrigation scheduling. Models can also be used to 
explore a wide range of soil-crop-management interactions, interpret experimental results, 
2 
and estimate management expenses (Whisler et al., 1986; Teng and Penning de Vries, 
1992; Boote et al., 1996; Steduto et al., 2009). Indeed, agricultural system models may be 
the only way to integrate many processes' interactions with a high temporal resolution that 
is needed by the farmer to make suitable management decisions.  
 
1.2 Agriculture System Models  
Agricultural system models were developed in the late 1950s by focusing only on 
a few environmental and crop factors with simple simulation abilities (Brouwer and De 
Wit, 1968; Jones et al., 2017b). Subsequently, these models developed very fast either 
being focused on one management component, such as crop growth, or multiple 
components. The model that focuses on more than one management component could be 
used as a helpful tool to assist in making management decisions (Jones et al., 2003; Steduto 
et al., 2009). Those models were developed to serve as analytical tools to study the impacts 
of weather, environment, soils, and management practices on crop production to enhance 
the food sustainability (Stöckle et al., 2003). Also, agricultural system models are 
increasingly being used for national and global studies due to their capability to support 
present and future agricultural management systems (Fraisse et al., 2015; Nelson et al., 
2002). 
 
1.3 Challenges of Modeling 
Agricultural system models have many advantages that promote their development 
and improvement; the most important advantages are field-management-decision support 
and the scientific understanding of interactions among many processes in agro-ecological 
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systems (McCrown et al., 1996). Most models are sufficiently sensitive to the effect of 
environmentally extreme inputs and their interactions for predicting soil productivity and 
yield risks (van Ittersum et al., 2003). Despite the benefits of using models, there are some 
challenges affecting the models’ performance and simulations’ accuracy. The most 
common challenges are operating these models with lack of representative soil and crop 
observations for all system components, generated weather data, or unobserved 
management changes in the field (Angulo et al., 2013; Boote et al., 1996; van der Velde et 
al., 2009; Wassenaar et al., 1999). Limited data for model calibration and validation for a 
variety of field conditions hinders establishing confidence in the model simulations 
(Angulo et al., 2013; Rosenzweig et al., 2013).  
The importance of model calibration has been mentioned in several articles, and 
some have mentioned the indispensability of model calibration to account for the soil 
diversity and weather conditions (Challinor et al., 2009; Jagtap and Jones, 2002). However, 
sometimes a high calibration accuracy for all of the model components is impossible due 
to a shortage of field measured data, variability in field measurements, and inadequacy of 
the calibration methods (Ma et al., 2012c). Therond et al. (2011) and Angulo et al. (2013) 
claimed that calibration of model input parameters is not adequate to reproduce field 
observations because model input parameters can only be derived from representative 
measurements in the field experiment. 
 
1.4 RZWQM2 Overview  
RZWQM2 is a one-dimensional-agricultural system model which integrates 
physical, biological, and chemical processes. It can assist in simulating the impacts and 
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complex interactions in the soil-plant-atmosphere management system on plant 
development, water dynamics, chemical transport, and nutrient balance on a daily time step 
(Ahuja et al., 2000; Landa et al., 1999; Ma et al., 2007a). It includes six modules of water 
and heat dynamics, generic crop growth, nitrogen balance, soil equilibrium chemistry, 
pesticides, and management practices (Ahuja et al., 2000; Cameira et al., 1998; Hanson et 
al., 1998; Hu et al., 2006, Ma et al., 2012a). RZWQM2 allows for the consideration of 
extensive input such as weather data (air temperature, solar radiation, relative humidity, 
wind speed, and rainfall), soil information (hydraulic, physical, chemical, and thermal 
properties), crop growth data (crop variety, crop planting and harvesting date), and 
management practices (irrigation, fertilizer application, pesticide application, plant 
management, and tillage method) (Ma et al., 2011). The maximum simulated soil profile 
depth is 30 m. This depth can be divided into a maximum of ten horizontal compartments, 
with one growing crop at any given time (Ma et al., 2012b). RZWQM2 implements parts 
of the Decision Support System for Agrotechnology Transfer (DSSAT) for simulating crop 
growth and yield. It includes up to 22 field crops in the plant growth modules as well (Ma 
et al., 2011).  
RZWQM2 uses the extended Shuttleworth and Wallace (1985) model for 
estimating evapotranspiration. This model has the capability to partition the 
evapotranspiration between soil evaporation and crop transpiration (Farahani and Bausch, 
1994). Soil water dynamics are processed in RZWQM2 using several equations. The 
Richards equation is applied for water redistribution in the profile between rainfall or 
irrigation events and for the upper and lower boundary flux. Infiltration during rainfall or 
irrigation events is described with the Green-Ampt equation (Ahuja et al., 2000). 
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RZWQM2 is one of the most widely used agricultural system models for improving the 
field management and scientific understanding of the soil water dynamics and crop 
evapotranspiration. Also, it has been used for improving the scientific understanding of the 
interaction between nitrogen fertilization rates and water status in the field. 
Many field studies concerning crop growth and soil water/nutrient dynamics have 
been conducted in combination with the RZWQM2 model for many locations and climatic 
conditions around the world. The model has been used to study the behavior of soil water 
and nitrogen dynamics, evapotranspiration, crop growth, and production (Anapalli et al., 
2016a; Cameira et al., 2007; Kozak et al., 2006; Saseendran et al., 2014a; Saseendran et 
al., 2015). Its performance and accuracy has been tested for predicting the effect of nitrogen 
fertilization rates, climate change, and specific environmental conditions on crop growth, 
evapotranspiration, and soil water/nitrogen dynamics (Hu et al., 2006; Islam et al., 2012; 
Ma et al., 2008; Ma et al., 2017; Malone et al., 2007; Nolan et al., 2010; Saseendran et al., 
2004). RZWQM2 has also been compared with other models such as RZWQM SHAW and 
DSSAT-CROPGRO hybrid models with regard to its capability to reflect field 
observations (Ma et al., 2012a; Ma et al., 2005; Nielsen et al., 2002). 
 
1.5 Research Rationales 
In some cases, models do not respond as expected to environmental or management 
factors, and the simulated results deviate from measured results. This deviation may occur 
due to model input parameters that do not represent soil, weather, and management 
conditions realistically. One of the major factors that affect the quality of model 
simulations is the parameterization of hydraulic parameters.  
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In many cases, modelers use soil parameters that were derived from soil textural 
properties due to the lack of actual soil hydraulic property measurements. However, in 
most cases, pedo-transfer-functions cannot produce realistic estimations of soil hydraulic 
parameters because the effect of soil organic-matter, soil structure, and soil minerals are 
not included for estimating the hydraulic parameters (Hodnett and Tomasella, 2002; 
Othmer et al., 1991; Wang et al., 2012). Another difficulty is that model inputs do not 
always account for the spatial variability of soil hydraulic properties in the field (Angulo 
et al., 2013; van der Velde et al., 2009; Wassenaar et al., 1999). Additionally, measured 
Soil Hydraulic Property Input Parameters (SHPIP) of the model are calibrated for each 
crop even at the same field location. However, if no significant change in soil bulk density 
or hydraulic conductivity has accurred, SHPIP do not need to be re-calibrated for each 
crop.  
It is widely recognized that derived model input parameters based on soil physical 
properties (e.g., soil texture) often are not able to adequately represent the true soil 
hydraulic properties in the field. To improve model simulations, we examine the 
overarching research questions of (i) whether calibrated SHPIP derived from soil physical 
properties adequately reflect true field hydraulic properties or if during calibration the 
values are unrealistically altered to obtain a better match between model-simulations and 
field-observations. (ii) If derived SHPIP are replaced by measured SHPIP, do we still need 
to re-calibrate the SHPIP for each crop even in the same field? 
Understanding how nitrogen fertilization impacts crop growth and production is a 
critical component for management-decision (Cerrato and Blackmer, 1990; Rathke et al., 
2005). Nitrogen impact on soil water dynamics and crop evapotranspiration is also essential 
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for scheduling irrigation. The impact of nitrogen application rate on crop growth, yield, 
and nitrogen use efficiency has been reported in many studies (McCullough et al., 1994; 
Novoa and Loomis, 1981; Ortiz-Monasterio et al., 1997). Also, its effect on NO3 leaching 
and the environment has been well studied (Marjerison et al., 2016; Zhou et al., 2014). 
However, not much is known about the behavior of crop evapotranspiration and soil water 
dynamics under different nitrogen application rates. One question that remains is whether 
increasing applied nitrogen rates will affect the behavior of crop evapotranspiration and 
soil water dynamics and how this will be affected by cover crops?   
 
1.6 Dissertation Outlines 
In this dissertation, a field experiment was conducted with four different field 
management conditions of soybean, corn, wheat, and fallow soil at the University of 
Kentucky’s Spindletop Research Farm to investigate the impact of using measured soil 
hydraulic properties as RZWQM2 input parameters instead of using derived soil hydraulic 
properties. The field experiment was also conducted in order to explore the impact of 
nitrogen application rate on the behavior of soil water dynamics and crop 
evapotranspiration. Chapter two includes two sections. The first Section explores the effect 
of using SHPIP measured and indirectly derived from soil texture as RZWQM2 inputs by 
operating the RZWQM2 under different model input scenarios. Section two explores the 
capability to use measured SHPIP under different field management conditions without re-
calibration for each crop. Chapter three is an attempt to study the impact of nitrogen 
fertilization rate on the behavior of crop evapotranspiration, soil water dynamics at every 
10 cm from the soil surface to 100 cm depth, and soil water flux at a depth of 90 cm under 
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different rainfall amounts using RZWQM2. Finally, chapter four summarizes the 
rationales, aims, and findings of this research, as well as suggests future work. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
9 
Chapter 2 How Helpful are Measured Soil Hydraulic Properties for Simulating 
Water Balance and Crop Production? 
 
2.1 Abstract: 
Agricultural system models can help quantify soil water dynamics, crop 
evapotranspiration (ETc), and crop growth with a high temporal resolution to enhance soil 
and crop management. However, model performance must be critically evaluated against 
field experimental data in different field management conditions. In many cases, model 
simulations deviate from field measurements, which might be due to the quality of model 
input parameters. Replacing soil hydraulic properties indirectly derived from soil textural 
data by measured soil hydraulic property inputs may decrease the discrepancy between 
measured and simulated soil water status. What is the benefit of using measured soil 
hydraulic properties in a model instead of pedo-transfer-function based approaches to 
estimate the hydraulic properties indirectly? This study: (i) investigated the effect of using 
measured soil hydraulic properties as Root Zone Water Quality Model (RZWQM2) inputs; 
(ii) explored the capability of using measured soil hydraulic property input parameters 
(SHPIP) under different field management conditions without re-calibrating for each crop. 
A field experiment with soybean, corn, wheat, and fallow soil was conducted from 2015 - 
2017. The model was evaluated in two sections of model calibration processes. In the first 
Section, five model scenarios using measured SHPIP and SHPIP derived from soil texture 
as model inputs were created. In the second section, four model scenarios of calibrating 
measured SHPIP for soybean, corn, wheat, and fallow soil were created. The results 
indicate that, extending the water holding capacity improved the model simulations of soil 
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moisture. Moreover, in the first section, uncalibrated measured SHPIP yielded better 
simulation results than other SHPIP scenarios with regard to soil water flux, crop 
evapotranspiration, and soybean yield. Hence, with representative measurements of 
SHPIP, it was possible to build a RZWQM2 model that produced reasonable results even 
without calibration. In the second section, all model scenarios presented satisfactory results 
with regard to soil water dynamics, evapotranspiration, crop growth, and mineral nitrogen, 
which indicates that models developed with real data, even for different crops, can be used 
to predict a different crop growth season. 
 
2.2 Introduction: 
Estimating soil water dynamics and crop growth at a high temporal resolution is 
necessary for many practical purposes, such as quantifying water use efficiency and 
scheduling irrigation events. Agricultural system models are critical tools due to their 
capability to integrate many complex processes (Berger 2001; He et al., 2017; Kersebaum 
et al., 2015). Moreover, because of their capability for simulating a wide range of soil-
crop-atmosphere interactions at a high temporal resolution, models are helpful tools for 
developing soil-water-crop management systems (Jones et al., 2017a; McNider et al., 2015; 
Okada et al., 2015). The most important purpose of using these models is to improve the 
efficiency of field experiments and to increase the crop production by simulating the 
impacts of weather and field management on crop growth and water dynamics. However, 
model performance needs to be thoroughly evaluated under different field and management 
conditions, which includes careful calibration and validation of the model components with 
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field observations to assess the robustness of the model (Angulo et al., 2013; Wallach et 
al., 2011; White et al., 2013). 
Root Zone Water Quality Model (RZWQM2) is one of the most widely used 
agricultural system models to simulate soil moisture, crop evapotranspiration (ETc), and 
crop growth (Ahuja et al., 2000; Anapalli et al., 2016a). It is a helpful tool for estimating 
soil water dynamics and crop development at a temporal resolution that is impossible to 
capture with manual field measurements and for improving soil and crop management 
(Cameira et al., 2007; Landa et al., 1999). However, RZWQM2 should not be used as a 
management tool without rigorously evaluating its parameters with measurements taken in 
appropriately designed field experiments under different crops, climatic conditions, and 
management practices (Anapalli et al., 2016b; Du et al., 2017; Hu et al., 2006; Islam et al., 
2012; Ma et al., 2007a). Model calibration and validation based on one of the following 
methods have been reported in many studies. The first method uses data from one 
experimental treatment for calibration, e.g., data from an adequate irrigation treatment. 
Data from another experimental treatment, such as deficit irrigation are used for validating 
the model for the same crop (Hu et al., 2006; Ma et al., 2007b). The second method uses 
the data of one or more periods for calibrating the model, and data of another time period 
for validating the model (Anapalli et al., 2016a; Ma et al., 2012a). 
Many field studies on crop growth and soil water/nutrient dynamics have been 
conducted in combination with the RZWQM2 model. Anapalli et al. (2016a) evaluated the 
RZWQM2 with regard to plant and soil parameters for three years of weighing lysimeters 
data; the model showed reasonable performance in simulating actual daily 
evapotranspiration, soil water content, and corn (zea mays L.) growth. It has also been 
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calibrated and evaluated regarding water stress factors under several irrigation levels to 
enhance the crop responses to soil water deficit stress (Saseendran et al., 2014a and 2015). 
Soil hydraulic property input parameters (SHPIP) are a critical part of the model 
for obtaining realistic simulation results (Fang et al., 2010). SHPIP have the most impacts 
on simulated soil water dynamics and, subsequently, on nutrient balances and crop 
development (Cameira et al., 2005; Ma et al., 2009; Saseendran et al., 2004). In many 
studies, the SHPIP of RZWQM2 were derived indirectly from soil textural data using pedo-
transfer-functions, and then calibrated to obtain a better match between measured and 
simulated soil water status data. Although derived SHPIP are useful, pedo-transfer-
functions do not always give realistic estimations, notably for structured soils (Kaur et al., 
2002; McBratney et al., 2011; Wang et al., 2012). Therefore, the accuracy of using derived 
hydraulic properties as model input parameters is not preferable for the simulation of soil 
water dynamics, evapotranspiration, and crop growth (Gijsman et al., 2002; Hupet et al., 
2004; Kribaa et al., 2001). 
The model’s sensitivity has been tested with regard to measured and derived soil 
hydraulic input parameters. Ma et al. (2007b) evaluated RZWQM’s sensitivity by keeping 
all measured soil hydraulic input parameters constant only the lateral saturated soil 
hydraulic conductivity was adjusted; the model produced reasonable simulations of tile 
flow, soil water storage, and water table (R2 > 0.70), but crop yield was simulated with less 
satisfaction (R2 < 0.55). RZWQM2 also performed satisfactorily in simulating the effects 
of different irrigation treatments on crop evapotranspiration, crop growth, and yield, after 
calibrating the measured soil hydraulic input properties (Fang et al., 2014a). Nolan et al. 
(2010) simulated the nitrogen dynamics for deep soil profiles unsuccessfully because 
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RZWQM2’s minimum input option for soil hydraulic parameters was applied, which 
implies user’s inputs of soil textural composition and Brooks and Corey parameters 
computed from pedo-transfer-function (Ma et al., 2012b). Additionally, a few studies have 
been conducted using measured data as model inputs, although there was uncertainty with 
those data. Ma et al. (2012c) used laboratory-measured Soil Water Retention Curve 
(SWRC) and field-estimated SWRC as model inputs to simulate maize growing season 
under several irrigation levels; model simulations showed that field-estimated SWRC 
inputs provided better model responses to irrigation treatments than laboratory-measured 
SWRC. Gribb et al. (2009) and Starks et al. (2003) found that using estimated SWRC from 
soil texture as model inputs showed better simulations of soil water dynamics compared to 
laboratory-measured SWRC. Therefore, the model must be provided with the most 
accurate soil hydraulic parameters to correctly simulate the effect of crop management 
practices on water dynamics and crop growth (Ma et al., 2009). However, using measured 
soil hydraulic parameters as model inputs to simulate varied field conditions without 
calibration has not been adequately studied. For that reason, the objectives of this study 
were to (i) explore the effects of using measured SHPIP as model inputs without calibration 
on model simulation outputs of water status and crop growth; (ii) test the capability of 
using measured SHPIP under different field management conditions without re-calibrating 
for each crop. It is known that soil hydraulic properties can change during the growing 
season due to the impact of soil water and structural setting after tillage (Basche and 
DeLonge, 2017; Schwen et al., 201). However, in this study, these possible temporal 
changes were not expermintaly quantified and RZWQM2 is not capable of temporal 
variable hydraulic function parameters. Instead, the objective of this study to find out 
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whether one-time measured soil hydraulic properties improved simulation results 
compared to minimum input inform of soil textural composition while soil hydraulic 
properties are computed through soil hydraulic function, which of course implies time-
invariable hydraulic properties.   
 
2.3 Materials and Methods: 
2.3.1 Study area and experimental design 
The experiment was conducted at the University of Kentucky’s Spindletop 
Research Farm, in Lexington, Kentucky. The climate is humid subtropical with an average 
annual precipitation of 114 cm, and a mean annual temperature of 13°C. The soil is a Maury 
silt loam, classified as a mixed, semiactive, mesic Typic Paleudalf (Yang et al., 2013). A 
soil profile was opened for collecting disturbed and undisturbed soil samples (Fig 2.1). The 
samples were taken at five soil depths of 0-10, 20-30, 40-50, 60-70, and 80-90 cm. Three 
replicates were collected for each of the soil water retention curve, unsaturated hydraulic 
conductivity, soil texture, and bulk density at each depth. The undisturbed samples were 
used to determine unsaturated hydraulic conductivity, bulk density, and soil water retention 
curve. The soil textural analysis was based on the disturbed sample material. Unsaturated 
hydraulic conductivity was measured with the double plate pressure-membrane apparatus 
method for pressures of -1, -5, and -10 cm (Wendroth and Simunek, 1999) and with the 
evaporation method for pressure heads from -10 to -650 cm (Wendroth et al., 2008; 
Wendroth et al., 1993; Wind, 1968). Soil texture was determined after destructing the soil 
organic matter content by using H2O2, with the sieving and pipette method (Gee and 
Bauder, 1986). Soil water retention curve was measured with the hanging water column 
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method for pressures of -3, -10, -20, and -50 cm (Berliner et al., 1980), pressure plate 
apparatus for pressures of -100, -330, -500, -1000, -3000, -5000, -15000 cm (Klute, 1986), 
and dew point meters (Gee et al., 1992) for the very low range of soil water potential. Soil 
dry bulk density was determined with the core sampling method (Blake, 1965). The 
arithmetic mean of three replicates was used for each measured property at each layer. 
Saturated hydraulic conductivity was measured in the field with the borehole permeameter 
approach (Soil Measurement Systems) (Reynolds and Elrick, 1986), at five depths (10, 30, 
50, 70, and 90 cm) with two replicates per depth (Fig 2.1). For determining the chemical 
status of the soil, the soil organic matter, total nitrogen, soil organic carbon, C/N ratio, pH, 
base saturation, NO3-N, NH4-N, and cation exchange capacity were measured at depths 0-
15, 15-30, 30-60, and 60-90 cm. 
 
 
Figure 2.1. Experimental field. 
 
 
The field conditions during the study period were as follows: soybeans (Asgrow 
AG3932) were planted on May 20, 2015 with the row spacing of 76 cm and population of 
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444,600 seeds per hectare, and were harvested on October 23, 2015. The period of the 
fallow soil lasted from October 24, 2015 to May 1, 2016. Corn (AgriGold A6499) was 
planted on May 16, 2016 with row spacing of 76 cm and population of 69,160 seeds per 
hectare, and was harvested on September 27, 2016. Winter wheat (PEMBROKE 2016) was 
planted on November 2, 2016 with row spacing of 19 cm and population of 3,765,762 seeds 
per hectare, and was harvested on June 27, 2017. 
Soil water content (SWC) was measured about once per week during the crop 
growing seasons, and about once a month during the fallow soil period, at 10 cm depth 
increments from the soil surface down to 100 cm depth at 30 positions (Fig 2.1), using a 
capacitance probe (Diviner 2000, Sentek Pty Ltd). The soil water flux (SWF) across the 90 
cm plane, i.e., the vertical center of the 80-90 and 90-100 cm depth compartment was 
quantified based on Darcy’s law for the days of measured soil water content. The actual 
evapotranspiration (ETc) was quantified for the soybean, corn, and wheat using the soil 
water balance method (SWB) (Djaman and Irmak, 2013; Frimpong et al., 2012; Irmak et 
al., 2008; Zeleke and Wade, 2012; Zhang et al., 2008; Wieser et al., 2008). Daily solar 
radiation, maximum and minimum air temperature, rainfall, wind speed, and relative 
humidity were recorded at the research field with an ET107 weather station (Campbell 
Scientific, Inc.). Figure 2.2 shows the daily precipitation and air temperature during the 
study period.  
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Figure 2.2 Daily precipitation and air temperature during the study period. 
 
Leaf area index (LAI) was measured twice during the soybean growing season and 
twice during the corn growing season using a LI-COR, LAI-2000 Plant Canopy Analyzer. 
Four readings of LAI were taken at each LAI measurement. Each reading consisted of two 
readings above the canopy and three below the canopy near the ground surface.  Corn 
aboveground biomass was measured once in the mid-season. The total yield was 
determined at harvest for both crops.  
During the wheat growing season, the N fertilizer of 130 kg N ha-1 was applied as 
Urea Ammonium Nitrate to the wheat crop across two applications. The first application 
occurred on March 13, 2017, and the second application on March 29, 2017. During the 
development and mature stages of the wheat growing season (early March until 
harvesting), leaf area index (LAI) was measured about once a week with a LI-COR, LAI-
2000 Plant Canopy Analyzer. Crop aboveground biomass and plant nitrogen uptake were 
measured four times during development and mature stages (Tillers formed, First node of 
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stem visible, In boot, and Ripening stage). The yield and grain nitrogen uptake were 
measured at harvest. Soil mineral nitrogen was measured four times during the 
development and mature stages (Tillers formed, First node of stem visible, In boot, and 
Ripening stage) at four depths (0-15, 15-30, 30-60, and 60-90 cm). All soil samples were 
stored in plastic bags and cooler in the field to limit the losses of both moisture and N 
during transport. Soil samples were stored at freezing temperature in the lab until they were 
analyzed for NO3 and NH4. Nitrate was extracted from the soil particles with a 2 N 
potassium chloride solution and determined with a specific ion electrode using Crutchfield 
and Grove (2011) method. Ammonium was extracted from the soil particles using Chaney 
and Marbach (1962) method. 
 
2.3.2 RZWQM2 calibration and sensitivity  
An experiment with soybean, corn, wheat, and fallow soil was used to build model 
scenarios with regard to soil hydraulic property model input parameters as explained in 
section 2.3.1. The model was calibrated for each scenario separately following the 
calibration procedure that was explained by the model developers in several publications 
(Cameira et al., 2007; Cameira et al., 2005; Hanson et al., 1999; Kumar et al., 1999; Ma et 
al., 2011; Ma et al., 2003; Saseendran et al., 2004; Shaffer et al., 2001).  
In general, the soil profile depth and horizons, drainage information, albedo, 
planting and harvesting dates and method, planting density and depth, row spacing, and 
fertilizer application method were specified for all model scenarios. Daily weather data 
(solar radiation, maximum and minimum temperature, wind speed, relative humidity, and 
rainfall) were used as model input data for the study period. The soil profile was subdivided 
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into ten layers. The depths of the layers were 0-10, 10-20, 20-30, 30-40, 40-50, 50-60, 60-
70, 70-80, 80-90, 90-150 cm.  
The model scenarios were subdivided into two sections based on the objectives of 
this chapter. Also, the results and discussions will be presented separately for each section.  
 
2.3.2.1 Section 1: Comparing the Effect of Measured and Derived Soil Hydraulic 
Input Parameters on Model Output 
In this section, five model scenarios were built, with regard to measured and derived 
soil hydraulic property input parameters, to study the effect of using measured or indirectly 
estimated soil hydraulic properties as model input on simulation outputs. Table 2.1 shows 
the soil hydraulic input parameters for each model scenario. Those scenarios were as 
follows (Appendix 1).  
In the first scenario (UCM), the arithmetic means of measured soil texture, bulk 
density, saturated hydraulic conductivity (Ks), and water content (𝜃) at 0.10, 0.33, and 15 
bar were used as model inputs at each depth without calibration for each of corn, fallow 
soil, and soybean period.  
In the second and third scenarios, measured SHPIP (bulk density, saturated 
hydraulic conductivity, and water content at 0.10. 0.33, and 15 bar) were calibrated for the 
corn crop (CCM) and fallow soil (FCM), respectively, and then both scenarios were 
validated under the soybean crop. In both scenarios, all aforementioned SHPIP were 
calibrated within one standard error of measured values except the 𝜃 inputs at 15 bar were 
calibrated within two standard errors of measured values.  
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In the fourth and fifth scenarios the estimated SHPIP, derived from soil texture 
using pedo-transfer-function, were calibrated for the corn crop (CCP) and fallow soil 
(FCP), respectively. And then both scenarios were validated under the soybean crop. In the 
fourth and fifth scenarios, only soil texture was used as model input for each depth, and the 
other parameters were estimated using the Brooks and Corey (1964) equation based on the 
soil texture data. 
The crop parameters of the corn and soybean were used as DSSAT default values 
without any adjustment, by using the best representative cultivars for our corn and soybean 
crops which are PC0004 2700-2750 GDD and 990004 M Group 4, respectively, as shown 
in Table 2.2.  
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Table 2.1 Uncalibrated and calibrated soil physical and hydraulic properties for soil 
profile. 
 
* Black values were fixed; green values were calibrated; and red values were interpolated 
based on the above and below-measured values.  
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Table 2.2 Crop parameters for soybean and corn.  
 
 
 
2.3.2.2 Section 2: Calibrating Measured Soil Hydraulic Property Input Parameters at 
Different Field Management Conditions 
In this section, the possibility of calibrating the SHPIP for one time and then using 
calibrated SHPIP under different field conditions without further calibration was tested. 
Four model scenarios of calibrating measured SHPIP were created for growing season of 
wheat, soybean, and corn, as well as for fallow soil at the same field location. Table 2.3 
shows the soil hydraulic property input parameters for each model scenario. Those 
scenarios were as follows (Appendix 1).  
 In the first scenario, the SHPIP were calibrated under wheat during the 2016-2017 
season (WC). In the second scenario, the SHPIP were calibrated for soybean during the 
spring season of 2015 and then were used without any further change under wheat during 
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the 2016-2017 season (SC). In the third scenario, the SHPIP were calibrated for fallow soil 
during the 2015-2016 and were also used without any further change under wheat during 
the 2016-2017 season (FC). In the fourth scenario, the SHPIP were calibrated for corn 
during the spring season of 2016 and were also used without any further change under 
wheat during the 2016-2017 season (CC). The results of those four scenarios were 
compared with regard to the soil water dynamics, actual evapotranspiration, crop 
development, and soil and plant nitrogen during the wheat growing season. The wheat crop 
parameters and all other model options were used for all scenarios without any change 
(Table 2.4). 
The model was run separately for each scenario, and in all scenarios, the model was 
operated three months ahead of planting to equilibrate the initial conditions of the soil water 
dynamics based on the precipitation (Saseendran et al., 2014a). While, the soil mineral 
nitrogen was initiated using measured soil NO3 and NH4 as model inputs. In each scenario, 
the soil hydraulic input parameters were iteratively calibrated layer by layer (starting from 
the surface layer) until the best-simulated soil water dynamics were obtained (Ma et al., 
2011; Saseendran et al., 2014a).  
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Table 2.3 Field measurements and model inputs of soil physical and hydraulic properties. 
 
* Black values were fixed, while green values were calibrated. 
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Table 2.4 Calibrated wheat crop input parameters.  
 
 
The performance of each model scenario was evaluated by using: (1) Root Mean 
Squared Error (RMSE), (2) Mean Bias Error (MBE), (3) Normalized Root Mean Square 
Errors (NRMSE), and (4) Percentage Error (%E).  
                                  𝑅𝑀𝑆𝐸 =  √
1
𝑛
∑(𝑃𝑖 − 𝑂𝑖)2
𝑛
𝑖=1
                               (𝑒𝑞 2.1) 
                                  𝑀𝐵𝐸 =  
1
𝑛
∑(𝑃𝑖 − 𝑂𝑖)                                       (𝑒𝑞 2.2) 
                                           𝑁𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸
𝑂𝑎𝑣𝑔
                                                     (𝑒𝑞 2.3) 
                               %𝐸 = (
(𝑃𝑖 − 𝑂𝑖)
𝑂𝑖
)                                                 (𝑒𝑞 2.4) 
where Oi is the measured value, Pi is the simulated value,Oavg is the arithmetic mean of the 
measured values, and n is the number of observations. RMSE reflects a magnitude of the 
mean difference between observed and simulated results. There is no standard value that 
would characterize a satisfactory RMSE because the acceptable range of RMSE varies with 
the measured characteristic, method of measurements, crop type, and management practice 
(Ma and Selim, 1996). The MBE indicates a systematic positive or negative bias in the 
prediction. A positive value means an overestimation, and a negative value indicates 
underestimation (Ma et al., 2011). NRMSE indicates the goodness of the model 
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performance as suggested by Ahuja and Ma (2002). A perfect match between experimental 
and simulation results would yielded an NRMSE = 0. An NRMSE less than 1 may be 
interpreted as simulation error of less than one standard deviation around the experimental 
mean (Ma et al., 2011). %E is the percentage error between measured and simulated values.  
 
2.4 Results and Discussions: 
As mentioned above, the model scenarios were subdivided into two sections based 
on the aims of this chapter. The results and discussions will be presented separately for 
each section as well. 
2.4.1 Section 1: Comparing the Effect of Measured and Derived Soil Hydraulic Input 
Parameters on Model Output  
The soil hydraulic property module in RZWQM2 is among the modules with a 
substantial impact on the model outputs. Due to the direct impact of the SHPIP scenarios 
on the simulated soil water dynamics, the measured and simulated SWC was presented at 
10 cm depth increments from the soil surface down to the 100 cm depth for evaluating the 
model performance under different model inputs of SHPIP. Figure 2.3 shows the measured 
and daily simulated SWC during the corn growing season. UCM, CCM, and CCP scenarios 
presented the highest RMSE, MBE, and NRMSE values at the surface depths and their 
values decreased with increasing soil depth. The SWC was simulated with a RMSE of 0.11, 
0.07, and 0.11 cm3/cm3 for the UCM, CCM, and CCP scenario, respectively (Fig. 2.3-a). 
The NRMSE values at the same depth were 0.58, 0.35, and 0.59 for the UCM, CCM, and 
CCP scenario, respectively. The model provided satisfactory results of SWC with all 
scenarios, particularly during the period of high soil moisture. However, during the period 
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of low soil moisture, the UCM scenario showed a tendency to overestimate the SWC more 
than CCM and CCP scenarios due to the impact of input values of 𝜃 at 0.10, 0.33, and 15 
bar. Low input values of 𝜃 at 15 bar in the CCM and CCP scenario increased the model 
ability for simulating the SWC at low soil moisture. Statistically, the CCM scenario showed 
better simulations of SWC than the UCM and CCP scenarios, particularly at the surface 
depths.  
During the fallow soil period, the model simulated SWC satisfactorily at the surface 
depth with RMSE of 0.05, 0.04, and 0.03 cm3/cm3 for the UCM, FCM, and FCP scenario, 
respectively. The NRMSE values at the same depth were 0.15, 0.14, and 0.11 for the UCM, 
FCM, and FCP scenario, respectively (Fig. 2.4-a). The simulations of SWC during the 
fallow soil period were better than during the corn growing season probably because there 
was no interference from the crop (Fang et al., 2010). RMSE, MBE, and NRMSE values 
were decreased with increasing the soil depth for corn growing season and fallow soil 
period.  
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Figure 2.3 Measured and daily simulated soil water content using UCM, CCM, and CCP 
scenarios during model calibration for the corn growing season of 2016. 
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Figure 2.3 Cont’d. 
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Figure 2.4 Measured and daily simulated soil water content using UCM, FCM, and FCP 
scenarios during model calibration for the fallow soil period of 2015-2016. 
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Figure 2.4 Cont’d. 
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Figure 2.5 shows the validation of all model scenarios during the soybean growing 
season. In general, the SWC at all depths increased following the rainfall events and 
decreased following active crop water uptake (Saseendran et al., 2015) and drought 
conditions. The values of the RMSE and NRMSE decreased with increasing soil depth. All 
scenarios yielded satisfactory simulations of SWC, particularly for the wet period with the 
RMSE values of 0.10, 0.07, 0.10, 0.08, and 0.09 cm3/cm3 for the UCM, CCM, CCP, FCM, 
and FCP, respectively, at the surface layer (Fig. 2.5-a). Also, the NRMSE values for the 
same layer were 0.46, 0.30, 0.45, 0.35, and 0.40 for the UCM, CCM, CCP, FCM, and FCP, 
respectively. The statistical results for all model scenarios were comparable to those 
reported by Cameira et al. (2005). The UCM scenario presented the highest tendency of 
overestimating the SWC during the dry period (on day 258-267 of the year), whereas, the 
CCM presented the best simulations of SWC during the same period due to the effect of 
the model input values for 𝜃 at 0.33 and 15 bar. The SWC simulations of all scenarios 
indicated that increasing model input values for 𝜃 at 0.33 bar improved the model capability 
to simulate the SWC under wet conditions, while decreasing model input values of 𝜃 at 15 
bar increased the model capability to simulate the SWC under dry conditions. Therefore, 
extending the range between the 𝜃 at 0.33 bar and 𝜃 at 15 bar was the best way to improve 
the simulations of SWC. Similarly to Fang et al. (2014b) simulation results, the model 
yielded better SWC simulations during wet conditions than the drought conditions. 
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Figure 2.5 Measured and daily simulated soil water content using UCM, CCM, CCP, 
FCM, FCP scenarios during model validation during the soybean growing season of 2015. 
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Figure 2.5 Cont’d. 
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The measured SWF for the days with measurements of SWC and daily simulated 
SWF across the 90-cm-plane for the corn growing season, fallow soil period, and soybean 
growing season are presented in Figure 2.6. The calibration for the corn growing season 
and fallow soil period yielded satisfactory simulations of the SWF for all scenarios (Fig. 
2.6-a&b). During the corn growing season, the UCM, CCM, and CCP scenarios simulated 
the SWF with RMSE of 0.42, 0.50, and 0.59 mm/day, respectively. Also, during the fallow 
soil period, the UCM, FCM, and FCP scenarios simulated the SWF with RMSE of 1.16, 
2.27, and 1.12 mm/day, respectively. 
The validation of all model scenarios during the soybean growing season resulted 
that the UCM scenario showed the best simulations of SWF with RMSE of 0.77 mm/day 
(Fig 2.6-c). While, the CCM, CCP, FCM, and FCP scenarios simulated the SWF with 3.45, 
1.50, 3.00, and 2.80 mm/day, respectively. The simulations of the SWF of all model 
scenarios indicated that, simulated SWF out of the root zone was appreciably affected by 
the model input parameters of the soil bulk density and saturated soil hydraulic 
conductivity more than the SWRC inputs. These results are in agreement with Ma et al. 
(2009) finding, which is that soil water dynamics is affected by model inputs of Ksat more 
than SWRC. With increasing the values of soil bulk density and saturated soil hydraulic 
conductivity inputs, the SWF out of the root zone was increased; which probably due to 
the effect of the bulk density on the soil porosity. When the bulk density value increases 
the soil porosity decreases, which may affect the water holding capacity.  
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Figure 2.6. Measured and daily simulated soil water flux across the 90 cm plane during (a) 
corn growing season of 2016, (b) fallow soil period of 2015-2016, and (c) soybean growing 
season of 2016. 
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Daily average actual crop evapotranspiration was measured over about 7-day 
periods with the soil water balance method (SWB) and compared with daily simulated ETc 
for the UCM, CCM, and CCP scenarios during the corn growing season (Figure 2.7-a). 
The corn ETc was simulated with a RMSE of 1.24, 1.27, and 1.13 mm/day for the UCM, 
CCM, and CCP, respectively. All scenarios performed well regarding NRMSE which was 
around 0.30. Similarly to Qi et al. (2016) simulations of ET, a tendency to underestimate 
ETc, particularly during the middle of the crop growing season, was shown for UCM, 
CCM, and CCP scenarios. Moreover, the UCM scenario showed a tendency to 
underestimate corn ETc more than the other scenarios at the ripening stage of the growing 
season due to the effect of simulated water stress (water stress is a ratio of actual crop 
evapotranspiration to potential crop evapotranspiration) which appeared during this stage 
in the UCM simulations (Fig. 2.8-a). Appearing water stress at any crop development stage 
affects the crop growth, and subsequently, it affects the ETc (Allen et al., 2011; Alves and 
Cameira, 2002; Farahani and Ahuja, 1996; Marek et al., 2014).  
During the validation of all soybean modeling scenarios (Fig. 2.7-b), UCM, CCM, 
CCP, FCM, and FCP simulated the soybean ETc with RMSE values around 1.45 mm/day 
and NRMSE values around 0.42; which is within the range given by Anapalli et al. (2016a). 
Moreover, the UCM and FCM scenarios offered better ETc simulations than the other 
scenarios, particularly at the ripening stage.  
Figure 2.8 shows the water stress, LAI, aboveground biomass, and yield results for 
the corn. The corn water stress just appeared at the ripening stage of the UCM simulations 
due to the effect of the model inputs of the 𝜃 at 0.33 and 15 bar as previously mentioned. 
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Figure 2.7. Measured and daily simulated actual crop evapotranspiration for (a) corn 
growing season of 2016 and (b) soybean growing season of 2015. 
 
 
Simulated corn LAI, aboveground biomass, and yield using the UCM scenario were 
lower than the simulations of the CCM and CCP scenarios due to the effect of simulated 
water stress. Although the plants are somewhat flexible in extracting soil water from soil 
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layers to minimize water stress (Teuling et al., 2006), the crop growth was considerably 
affected by the simulated water stress. 
During the validation of soybean growth simulations, all scenarios showed water 
stress at the ripening stage except the CCM scenario (Fig. 2.8-b). However, the UCM 
scenario showed higher water stress than the other scenarios. Simulated soybean LAI (Fig. 
2.8-d), aboveground biomass (Fig. 2.8-f), and yield (Fig. 2.8-h) were affected by simulated 
water stress. The UCM scenario yielded better simulations of crop growth and yield than 
the other scenarios. It simulated the soybean yield with an error of -0.9% while the other 
scenarios simulated the soybean yield with an error of around 70%. High errors values in 
crop yield simulations in this season were due to the effect of simulated water stress. 
Overall, the simulations of the crop growth and yield were appreciably affected by 
simulated water stress. Similar results were obtained by Saseendran et al. (2014a and 2015) 
under different water stress factors and Sezen et al. (2014) under different irrigation 
treatments.  
From the simulated results of all scenarios, the simulations of SWC and SWF were 
affected by the SHPIP inputs; moreover, the simulations of the crop growth, water stress, 
and ETc were much more strongly affected by the SHPIP inputs. The UCM scenario 
showed better simulations than the other scenarios with regard to soybean growth and 
yield, which indicates the advantage of using measured SHPIP without calibration. 
Regarding CCM, CCP, FCM, and FCP simulations, if the gap between measured and 
simulated soybean growth and yield was reduced by calibrating the crop parameters, the 
simulations of SWC and SWF will be affected and are required further calibration of 
SHPIP. Hence, a long iterative calibration is required.  
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Figure 2.8. Simulated (a) corn water stress, (b) soybean water stress, (c) corn leaf area, (d) 
soybean leaf area, (e) corn biomass, (f) soybean biomass, (g) corn yield, and (h) soybean 
yield. 
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2.4.2 Section 2: Calibrating Measured Soil Hydraulic Property Input Parameters at 
Different Field Management Conditions 
As shown in the previous section, the model was successfully utilized for each of 
the SHPIP scenarios that were calibrated for different field management conditions. In this 
section, all previous scenarios were used to simulate processes during the wheat growing 
season without any further change. Table 2.3 shows the main measured and calibrated soil 
physical and hydraulic properties of the soil profile under wheat, soybean, fallow soil, and 
corn. Table 2.4 shows the wheat crop parameters that were used for all four calibration 
scenarios. As the wheat growing season was simulated using four scenarios of model 
calibration which are WC, SC, FC, and CC, all the presented results will be shown for the 
wheat growing season. These results will explore the model capability to simulate the 
wheat growing season by using measured SHPIP that were calibrated for different field 
management conditions (soybean, corn, and fallow soil). 
Soil water content is a good indicator for evaluating the model performance because 
it relates to the water dynamics in the root zone and crop evapotranspiration (Cameira et 
al., 2005). The model-simulated soil water content using four scenarios of calibration was 
compared with the field-measured SWC to evaluate the response of the RZWQM2 model 
to the calibrations of measured SHPIP under different field conditions (Fig. 2.9). All four 
scenarios satisfactorily simulated the SWC for all soil layers with RMSE and MBE of less 
than 0.1 cm3/cm3. WC, SC, FC, and CC scenarios slightly underestimated SWC for some 
of the soil layers. The NRMSE at the surface layer was 0.19, 0.24, 0.21, and 0.14 for WC, 
SC, FC, and CC, respectively, (Fig. 2.9-a) and it decreased with increasing the soil depth; 
probably due to the less pronunciated fluctuations in the lower layers. Our simulation 
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results are close to the range given by Sophocleous et al. (2009). For the most layers, the 
SC scenario yielded the highest SWC, while the CC resulted in the lowest SWC at all layers 
due to the effect of model inputs of 𝜃 at 15 bar, because 𝜃 inputs of the CC scenario were 
lower than the 𝜃 inputs of the SC scenario (Table 2.3). The best simulation of low SWC 
was obtained with the scenario in which low input values of the 𝜃 at 15 bar were applied. 
Overall, all model scenarios simulated the SWC within or close to one standard error of 
measured SWC. 
The measured soil water flux for the days with measurements of SWC and 
simulated SWF across the 90 cm plane of the root zone during the wheat growing season 
are showed in Fig. 2.10. Similarly to the SWC, reasonable results were obtained for the 
SWF through the bottom boundary with RMSE values of 1.07, 0.77, 1.19, and 0.77 mm/day 
for the WC, SC, FC, and CC scenarios, respectively. The four scenarios overestimated the 
SWF with MBE of -0.24, -0.14, -0.35, and -0.19 mm/day for the WC, SC, FC, and CC 
scenarios, respectively. Statistically, the SC and CC scenarios produced slightly better 
SWF than the WC and FC scenarios due to the lower values of the input hydraulic 
conductivity at some soil depths, particularly the lower depths, which reduced the water 
movement to the deeper depths (Table 2.3). These results are in agreement with Ma et al. 
(2009) findings. 
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Figure 2.9. Field-measured soil water content with time in different soil layers vs. model-
simulated using four scenarios of calibration under; wheat crop (WC), soybean crop (SC), 
fallow soil (FC), and corn crop (CC) during the wheat growing season. Error bars represent 
one standard deviation of measured values.  
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Figure 2.9. Cont’d. 
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Figure 2.10. Field-measured soil water flux across the depth of 90-cm vs. model-simulated 
using four scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil 
(FC), and corn crop (CC) during the wheat growing season. 
 
Wheat leaf area index is one of the most critical crop growth parameters due to its 
impact on partitioning the ET between crop transpiration and soil evaporation (Ma et al., 
1999). Simulated LAI directly impacts the simulated evapotranspiration, and therefore, it 
influences the water balance. Fig. 2.11 shows the comparison between field-measured and 
model-simulated LAI for the four scenarios. The resulting RMSE values were 0.39, 0.27, 
0.41, and 0.25 for the WC, SC, FC, and CC scenarios, respectively. Our LAI simulation 
was comparable to that of Qi et al. (2016) in terms of statistical values. CC scenario 
overestimated the LAI with MBE of 0.06, while, WC, SC, and FC scenarios 
underestimated the LAI with MBE of -0.31, -0.14, and -0.30, respectively. The WC and 
FC scenarios offered later development and lower LAI values than the other two scenarios 
due to the effect of soil water availability in the root zone which was lower than for the 
other scenarios (Therond et al., 2011).  
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Figure 2.11. Field-measured wheat leaf area index vs. model-simulated using four 
scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC), and 
corn crop (CC). Error bars represent one standard deviation of the measured leaf area index.   
 
 
The wheat aboveground biomass was measured four times during the wheat 
growing season of Tillers formed, First node of stem visible, In boot, and Ripening stage 
(Fig. 2.12). Similar to the LAI, the highest aboveground biomass was simulated for the CC 
scenario, probably due to the same reason which is the impact of the 𝜃 inputs. When the 𝜃 
inputs at 0.33 bar are elevated and 𝜃 inputs at 15 bat are reduced, the water holding 
capacity increases which is yielded in more available soil water for plants. The WC, SC, 
FC, and CC scenarios simulated the aboveground biomass with an average error of 4%, 
12%, 1.4%, and 26%, respectively.   
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Figure 2.12. Field-measured wheat aboveground biomass vs. model-simulated using four 
scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC), 
and corn crop (CC). Error bars represent one standard deviation of the measured 
aboveground biomass.   
 
 
The simulated crop growth and yield were clearly affected by the model soil 
hydraulic property input parameters. Grain yield simulations were within one standard 
deviation of observed values; WC, SC, FC, and CC scenarios simulated the wheat grain 
yield with an error of 0.3%, -1.6%, 0.2%, and 3.8%, respectively (Table 2.5). All scenarios 
overestimated the grain yield except the SC scenario which underestimated it with an error 
of -1.6%. Statistically, our simulations of crop growth and yield were in agreement with 
that reported by Saseendran et al. (2015) and Ma et al. (2012c). 
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Table 2.5 Measured and simulated grain yield using four scenarios of calibration under; 
wheat crop (WC), soybean crop (SC), fallow soil (FC), and corn crop (CC). Simulated 
yield for all scenarios were within one standard error of the measured grain yield. 
 
Model scenario WC SC FC CC Measured 
Grain yield (kg/ha) 6452 6329 6442 6676 6430 
%Error* 0.3 -1.6 0.2 3.8  
* %Error is the percentage error between measured and simulated values.   
 
 
 
As shown in Figure 2.13, the plant nitrogen uptake was measured four times during 
the development and mature stages of the wheat growing season (Tillers formed, First node 
of stem visible, In boot, and Ripening stage) as well as for the grain yield. The WC, SC, 
FC, and CC scenarios simulated the plant nitrogen uptake with an average error of 13%, 
23.5%, 8.2%, and 40.6%, respectively (the simulated error during the In boot stage was not 
included in the average because the measured value was very low and unexpected probably 
due to an error during the sampling processes, which could be a problem that happened 
during the drying process of the plant samples). Our simulations of N uptake in biomass 
and grain are comparable to Ma et al. (2007b) and Hu et al. (2006) findings. 
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Figure 2.13. Field-measured N-uptake of wheat aboveground biomass and grain yield vs. 
model-simulated using four scenarios of calibration under; wheat crop (WC), soybean crop 
(SC), fallow soil (FC), and corn crop (CC). Error bars represent one standard deviation of 
the measured N-uptake.   
 
Large standard deviations of measured mineral nitrogen concentrations in the soil 
profile were found by several researchers (Hu et al., 2006; Kengni et al., 1994; Schoen et 
al., 1999). The most plausible reason behind that is the processes associated with soil C/N 
dynamics which are affected by field management practices (Cameira et al., 2007). 
Because of that, 12 samples have been taken at each time and depth. However, the large 
spatial and temporal variability of the N components in the soil profile makes it difficult 
for the calibration of the nutrient module as well as the evaluation of the model 
performance. Fig. 2.14 shows a comparison between measured and simulated soil mineral-
N concentration during the wheat growing season (Tillers formed, First node of stem 
visible, In boot, and Ripening stage) at four depths (0-15, 15-30, 30-60, and 60-90 cm).  
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Figure 2.14. Field-measured soil mineral nitrogen by soil layer vs. model-simulated using 
four scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC), 
and corn crop (CC) during the wheat growing season. Error bars represent one standard 
deviation of the measured soil mineral nitrogen.  
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Soil mineral-N in all soil depths were generally simulated with high values of 
(NRMSE of 0.5 - 3.6) and (RMSE of 4 – 22 kg N / ha) for all scenarios, however, it was 
better than that reported by Ma et al. (2007b) and Sophocleous et al. (2009); but less 
satisfaction compared to Cameira et al. (2007) and Hu et al. (2006) simulations of mineral-
N. Many attempts to optimize the simulated soil mineral-N were applied during the 
calibration phase. However, it was not possible to improve simulated soil nitrogen 
components through better calibration of the model as it mentioned by the Hu et al., 2006. 
The case of simulating unsatisfactory soil mineral-N results in the soil profile was reported 
by Fang et al. (2008), Hu et al. (2006), Kumar et al. (1999), and Sophocleous et al. (2009). 
Similar to the Cameira et al. (2007) and Saseendran et al. (2014b) results, simulated 
mineral-N showed an increasing during the ripening stages; the explanation behind this 
case could be that the mineralization process is continuously producing mineral-N in the 
soil, while the crop no longer extracts mineral-N from the soil during this stages. The SC 
scenario yielded a slightly better simulation of soil mineral-N than other scenarios for all 
depths except for the lower depth. Overall SC simulation was lower than the other 
scenarios, especially at the maturity stage, while the CC produced the highest soil mineral-
N at the maturity stage. However, WC and FC scenarios presented higher soil mineral-N 
at the development stage due to the fact that simulated soil mineral-N is affected by the 
simulated soil water movement which affected by the model inputs of the soil hydraulic 
properties as well as plant development (Ahuja et al., 2000). Plant development showed 
clear impacts on the simulated nitrogen uptake from the soil profile (Fig. 2.15) and 
therefore on the soil mineral-N. The CC scenario presented higher N-uptake from the soil 
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profile of 100 cm than the other scenarios due to the impact of the simulated plant growth 
of the CC scenario on the N-uptake.  
As the nitrogen fertilization method, rate, and date are influenced the simulated 
mineral-N concentration in the soil profile and groundwater (Hallberg, 1986; Saseendran 
et al., 2007), RZWQM2 simulated that effects with high performance. Simulated mineral-
N concentrations in the soil profile was clearly affected by the fertilization dates which 
were on day 132 and 148 of the growing season, especially at depths of 0-15 and 15-30 
cm. (Fig. 2.14).  
 
Figure 2.15. Model-simulated nitrogen uptake from the soil profile of 0 – 100 cm, using 
four scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC), 
and corn crop (CC). 
 
53 
Daily average actual crop evapotranspiration was calculated over 7-day periods 
using the soil water balance method (SWB). The comparison between model-simulated 
ETc using four calibration scenarios with field-measured ETc is presented in Fig. 2.16. The 
model simulated the ETc with RMSE values of 1.23, 1.22, 1.21, and 1.20 mm/day for the 
WC, SC, FC, and CC scenarios, respectively. The model showed a tendency to 
overestimate ETc with a MBE of 0.44, 0.44, 0.30, and 0.37 mm/day for the WC, SC, FC, 
and CC scenarios, respectively. The ETc simulations were within the range reported by 
Anapalli et al. (2016a) and Yu et al. (2006) in terms of statistical values. 
 
 
Figure 2.16. Field-measured actual wheat evapotranspiration vs. model-simulated using 
four scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC), 
and corn crop (CC). 
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The SC scenario produced slightly higher ETc than the other scenarios probably 
due to the fact that the actual soil evaporation is increasing with decreasing the LAI (Fig. 
2.17). Also, this may be due to the calculation process of ETc in the RZWQM2 model 
which is based on the assumption of actual soil evaporation demand is equal to the potential 
rate of the soil evaporation at the soil surface (Ahuja et al., 2000; Cameira et al., 2005).  
 
 
Figure 2.17. Cumulated model-simulated wheat evapotranspiration, using four scenarios 
of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC), and corn 
crop (CC). 
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2.5 Conclusions: 
In order to improve RZWQM2 simulations, the model sensitivity and capability 
were examined under different field conditions with regard to the calibration of the soil 
hydraulic property input parameters. Measured SHPIP were used as model inputs without 
calibration under different field conditions to explore the possibility of improving the 
model simulations. Also, to test the capability of calibrating measured SHPIP for one time 
at each field regardless of the crop type, measured SHPIP were validated under field 
conditions different from the one that was used for calibration. 
RZWQM2 simulation showed a high sensitivity to the model inputs of the SHPIP, 
and they yielded an acceptable simulation accuracy under field conditions different from 
the ones used for calibrating the SHPIP. Model input parameters of 𝜃 at 0.1, 0.3, and 15 
bar showed high effect on simulated soil water dynamics, crop growth, and crop 
evapotranspiration. The soil water content was affected more by input parameters of 𝜃 at 
0.1, 0.3, and 15 than other soil hydraulic inputs, whereas the soil water flux was affected 
by the saturated hydraulic conductivity and bulk density more than the 𝜃 inputs. Appearing 
water stress at any time during the crop growing season significantly effects crop growth, 
evapotranspiration, and yield. Therefore, calibrating the water stress directly after soil 
water dynamics would significantly improve model simulations of crop development and 
evapotranspiration.  
Using representative field-measured soil hydraulic properties as model inputs has 
shown to be effective for improving model performance and producing meaningful 
outputs, especially with regard to simulated soil water dynamics, crop evapotranspiration, 
and crop development. Field-measured SHPIP were essential to build a RZWQM2 model 
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that produced satisfactory results even without calibration. Moreover, SHPIP calibrated for 
one crop were still effective for the other crops grown in the same field at a different time. 
Notwithstanding, similar testing across diverse field conditions (soil, crop, and weather) 
could be a critical need in the future to facilitate building further confidence in the using of 
measured soil hydraulic parameters as model inputs. 
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Chapter 3 Nitrogen Management Effects on Soil Water Dynamics and Wheat 
Evapotranspiration 
 
3.1 Abstract: 
Nitrogen (N) fertilization is critical for crop growth; however, its effect on soil 
water dynamics and crop evapotranspiration (ETc) behavior is not understood. Studying 
the interaction between N application rate and water dynamics in a field with high temporal 
resolution experimentally is not easy and at times not possible, particularly taking into 
consideration the behavior of the ETc components. Agricultural system models integrating 
many different processes that cannot all be measured and identified with high temporal 
resolution in field experiments may help to quantify the effect of nitrogen fertilizer rate on 
soil water dynamics and ETc. This study investigated the effect of the N application rate 
on the soil water dynamics and ETc behavior under different rainfall amounts. A field study 
was conducted in 2016 - 2017 with three N application rates (0, 70, and 130 kg N ha−1) in 
unirrigated winter wheat. Also, the actual rainfall was multiplied by 1.25, 1.00, 0.75, and 
0.50, to create four rainfall scenarios that were used during the model simulation processes 
to explore the rainfall effect on the interaction between N and ETc. During the growing 
season, soil water content (SWC), soil water flux (SWF), ETc, and crop growth were 
quantified. To study the interaction between N application rates and water dynamics with 
appropriate temporal resolution, the Root Zone Water Quality Model (RZWQM2) was 
applied to field conditions of three N fertilization regimes and four rainfall scenarios. The 
model presented satisfactory capability to quantify the effect of N rate on daily ETc and 
soil water dynamics. Under the effect of 100% and 125% rainfall scenarios, the High-N 
58 
rate yielded higher SWC and SWF than the other N rates, but its associated ETc was lower 
than for the other N rates; moreover, the Zero-N rate yielded the highest ETc. In the 75% 
and 50% rainfall scenarios, all N rates showed similar SWC, SWF, and ETc. Nitrogen 
application rate showed a noticeable impact on the behavior of soil water dynamics and 
crop evapotranspiration components, but this impact was differed depending on modeled 
extent of rainfall.  
 
3.2 Introduction: 
Sustainable management of nitrogen can be challenging (Hu et al., 2006; López-
Bellido et al., 2005) due to complex nitrogen transformation dynamics in the soil and crops 
that follow the soil water dynamics, as well as due to the little that is known about the 
interaction between the applied N rate and water dynamics. Unmanaged nitrogen 
fertilization can affect the available soil water such as increased plant transpiration due to 
increased vegetative cover can cause less available soil water during the flowering stage 
which may then decrease nitrogen use efficiency (Nielsen and Halvorson, 1991; Ritchie 
and Johnson, 1990; Sexton et al., 1996). In many studies, the effect of N fertilization on 
crop growth, crop yield, and nitrogen use efficiency has been reported (Novoa and Loomis, 
1981; Raun and Johnson, 1999). However, the impact of N application regimes on the soil 
water dynamics and crop evapotranspiration behavior under different rainfall amounts over 
the entire growing season has not been sufficiently understood. 
Understanding the interaction between the crop evapotranspiration and applied N 
in the agricultural systems is essential for crop-water management, but it is still challenging 
to quantify the N effects on the ETc behavior in the field, particularly its effects on the 
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quantification of the crop transpiration and soil evaporation, separately. As crop growth 
and yield greatly depend on applied N when the soil water is abundant (Saseendran et al., 
2004), the interaction between evapotranspiration and applied N is affected by the amount 
of applied irrigation or rainfall. However, the influential amount of rainfall has not been 
clearly determined in which range it affects the interaction between evapotranspiration and 
applied N rate. Agricultural system models which can integrate many different processes 
that cannot all be measured and identified in field experiments may help to quantify the 
impact of N fertilization rates on soil water dynamics and ETc over the growing season. 
Also, agricultural system models may help quantify the effect of rainfall amounts on the 
interaction between ETc and applied N rate.  
Root Zone Water Quality Model is one of the most widely used agricultural system 
models. It can simulate the effect of management practices, weather parameters, and soil 
properties on water dynamics and crop growth (Ahuja et al., 2000; Cameira et al., 1998; 
Hanson et al., 1998). Malone et al. (2007) evaluated RZWQM under different nitrogen 
management strategies of applying mineral N and manure; satisfactory model simulations 
of corn yield, N loss, and N concentrations were obtained with R2 > 0.80 and RMSE < 
20%. Yu et al. (2006) also simulated crop evapotranspiration, soil water content, and leaf 
area index with RMSE of 1.4 mm, 0.046 m3/m3, and 1.1, respectively for winter wheat 
using RZWQM. Hu et al. (2006) used the RZWQM to evaluate and develop nitrogen and 
water management strategies for winter wheat under different N treatments; RZWQM was 
useful for simulating soil water content, crop growth, and plant N uptake. Additionally, 
RZWQM2 performed satisfactorily in simulating the effects of climate change and elevated 
atmospheric CO2 concentrations on water and nitrogen dynamics, and crop growth after 
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calibrating measured soil hydraulic property input parameters (Wang et al., 2015). 
Saseendran et al. (2014b) also successfully simulated the effects of climate, initial soil 
water levels at planting, frequencies and amounts of irrigations, and N rates on 
water/nitrogen use efficiency; the best management for optimum grain yield was for 3- to 
7-day irrigations to replace 90% ET losses and N at 200 kg ha−1. However, the effects of 
some other factors that could influence the soil water dynamics and evapotranspiration 
behavior, such as the N application rates and rainfall amounts have not been studied. 
Therefore, the RZWQM2 model was used to discover (i) the effect of N application rates 
on the soil water dynamics and ETc behavior; and (ii) how ETc would respond to N rates 
under different climate conditions, represented here through increased and reduced 
amounts of rainfall during the growing season? 
 
3.3 RZWQM2 model overview 
The RZWQM2 model has been described in detail by Ahuja et al. (2000), Anapalli 
et al. (2016a), Cameira et al., (2005), Farahani et al. (1999), Hanson et al. (1999), Kumar 
et al. (1999), Ma et al. (2017), and Saseendran et al. (2004). Therefore, in this chapter, the 
focus will be on some critical information that is related to the ETc simulations. Actual 
crop evapotranspiration simulated by RZWQM2 is a sum of actual soil evaporation and 
actual crop transpiration (Ahuja et al., 2000). Actual soil evaporation is calculated using 
Richards’ soil water movement equation by assuming that the evaporative demand is equal 
to the potential evaporation rate at the soil surface (Saseendran et al., 2014a). Actual crop 
transpiration is computed by an empirical root water uptake equation (Nimah and Hanks, 
1973); that is not allowed to exceed the potential plant transpiration. Where the potential 
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soil evaporation/crop transpiration rate are obtained from the extended Shuttleworth–
Wallace (1985) ET model (Farahani and Ahuja, 1996). As ETc estimated from a soil-
canopy-residue system, the resistances have been included by the extended Shuttleworth-
Wallace model (Farahani and Ahuja, 1996) which is a double layer version of the Penman-
Monteith equation (Monteith, 1965) to include the evaporation from soil-canopy-residue 
covered soils as  
𝜆𝐸𝑇 = 𝐶𝐶(𝑃𝑀𝑐) + 𝐶𝑆(𝑃𝑀𝑠) + 𝐶𝑅(𝑃𝑀𝑟)                                     (𝑒𝑞 3.1) 
where λET is the total flux of latent heat above the canopy; PMc, PMs, and PMr are the 
Penman-Monteith equations applied to the canopy, bare soil, and residues, respectively. 
CC, CS, and CR are coefficients based upon the fractions of the area covered by the canopy, 
bare soil, and residue, respectively. 
Equation (3.1) has three possible scenarios; first, if no surface residue is present, 
CR will be zero, and consequently, equation (3.1) reduces to the original Shuttleworth-
Wallace model (1985). The second scenario is the absence of a crop, with the consequence, 
that CC will be zero, and equation (3.1) will be a Penman-Monteith type soil evaporation 
model. In the third scenario, when the canopy is completely covering the field, CS and CR 
are zero, and equation (3.1) becomes the original Penman-Monteith model. Extra details 
about CC, CR, and CS terms can be found in Farahani and DeCoursey (2000).     
In this model, there are several possible scenarios of resistance against the 
evapotranspiration (Alves and Maria, 2002). First, soil surface resistance (𝑟𝑠
𝑠) which is the 
soil surface resistance to evaporate the soil water. It increases as the soil surface dries 
(Camillo and Gurney, 1986). Second, canopy resistances (the mean canopy boundary layer 
resistance, 𝑟𝑎
𝑐 and bulk stomatal resistance, 𝑟𝑠
𝑐) which is the canopy resistance against the 
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transferred water vapor from the canopy. It is affected by the sub-stomatal cavities and 
boundary layer around the leaves (Shuttleworth and Gurney, 1990; Smith et al., 1988). The 
mean canopy boundary layer resistance, 𝑟𝑎
𝑐, is calculated in the Shuttleworth-Wallace 
model as  
                               𝑟𝑎
𝑐 =
𝑟𝑏
(2𝐿𝐴𝐼)
                                                           (𝑒𝑞 3.2) 
Where 𝑟𝑏/2 is the mean leaf boundary layer resistance of amphistomatous leaves per unit 
surface area of vegetation and LAI is the leaf area index.  
The bulk stomatal resistance is calculated as  
                        𝑟𝑠
𝑐 =
𝑟𝑠
(2𝐿𝐴𝐼)
,          𝑓𝑜𝑟 𝐿𝐴𝐼 ≤ 2                               (𝑒𝑞 3.3) 
                        𝑟𝑠
𝑐 =
𝑟𝑠
(𝐿𝐴𝐼)
,          𝑓𝑜𝑟 𝐿𝐴𝐼 > 2                                   (𝑒𝑞 3.4) 
Where 𝑟𝑠/2 is the mean stomatal resistance of amphistomatous leaves. The 𝑟𝑠
𝑐 automatically 
decreases with increasing the LAI without restrictions. 
Most of the leaves of crop often contribute to the transpiration process at LAI less 
than 3 (Ham and Heilman, 1991). However, the LAIeff decreases as the canopy develops 
and LAI becomes higher than 3 (Monteith et al., 1965; Szeicz and Long, 1969). That means 
the leaf area index becomes a non-limiting factor for evapotranspiration when it is 3 or 
larger. Crops with a LAI equal to or above 3 will have the same transpiration rate if soil 
water is not limited (Farahani and Bausch, 1994). LAIeff for the entire range of LAI in 
RZWQM2 model is estimated as  
                     𝐿𝐴𝐼𝑒𝑓𝑓 = 𝐿𝐴𝐼      𝑓𝑜𝑟     𝐿𝐴𝐼 ≤ 1                                       (𝑒𝑞 3.5)  
                 𝐿𝐴𝐼𝑒𝑓𝑓 = 0.5𝐿𝐴𝐼     𝑓𝑜𝑟     𝐿𝐴𝐼 ≥ 3                                     (𝑒𝑞 3.6)  
           𝐿𝐴𝐼𝑒𝑓𝑓 = 𝐿𝐴𝐼(1.25 − 0.25𝐿𝐴𝐼)     𝑓𝑜𝑟      1 ≤ 𝐿𝐴𝐼 ≤ 3                     (𝑒𝑞 3.7) 
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3.4 Materials and methods: 
3.4.1 Experimental Design and Measurements 
The experiment was conducted at the University of Kentucky’s Spindletop 
Research Farm, Lexington, Kentucky. The climate is humid subtropical with an average 
annual precipitation of 114 cm and a mean annual temperature of 13°C. The soil is a Maury 
silt loam, classified as a mixed, semiactive, mesic Typic Paleudalf (Yang et al., 2013).  
A soil profile was opened for collecting disturbed and undisturbed soil samples at 
five soil depths of 0-10, 20-30, 40-50, 60-70, and 80-90 cm. Three replicates were collected 
for each of the soil water retention curve, unsaturated hydraulic conductivity, soil texture, 
and bulk density at each depth. Saturated hydraulic conductivity was measured in the field 
with the borehole permeameter approach (Soil Measurement Systems) (Reynolds and 
Elrick, 1986), at five depths (10, 30, 50, 70, and 90 cm) with two replicates per depth (Table 
3.1). Also, for understanding the chemical status of the soil before applying nitrogen rates, 
the soil organic matter, total nitrogen, soil organic carbon, C/N ratio, pH, bases saturation, 
NO3-N, NH4-N, and cations exchange capacity were quantified at depths 0-15, 15-30, 30-
60, and 60-90 cm (Table 3.2).  
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Table 3.1 Field measurements and model inputs of soil physical and hydraulic properties 
for soil profile.  
 
* Black values were fixed, while Green values were calibrated. 
 
Table 3.2 Selected measured chemical properties of the soil profile. 
 
Winter wheat (Triticum aestivum L.) was planted on November 2, 2016, and 
harvested on June 27, 2017. It was grown in plots 35 by 5 m in no-till with corn residue. 
The experiment consisted of three N fertilizer rates with four replications. The N fertilizer 
was applied as foliar fertilizer with a farm sprayer. The N fertilizer rates were 0 (Zero-N), 
70 (Low-N), and 130 (High-N) kg N ha-1 which were applied as Urea Ammonium Nitrate 
which has 32% N in equal fractions of urea, ammonium, and nitrate nitrogen. The 70 and 
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130 kg N ha-1 rates were split across two applications. The first application occurred on 
March 13, 2017, and the second application on March 29, 2017. 
Crop leaf area index (LAI) was measured about once a week with a LI-COR, LAI-
2000 Plant Canopy Analyzer during the development and mature stages of the growing 
season (early March until harvesting). Six readings were taken for each treatment at each 
LAI measurement. Each reading consisted of two readings above the canopy and three 
below the canopy near the ground surface. 
Soil water content was measured about once a month from early November until 
the mid of March and about once a week from mid of March until grain harvest; at 10 cm 
depth increments down to 100 cm depth at the center of each plot, using a capacitance 
probe (Diviner 2000, Sentek Pty Ltd). Soil water flux (SWF) across the 90 cm plane, i.e., 
the vertical center of the 80-90 and 90-100 cm depth compartment was quantified using 
Darcy’s law for the days of measured soil water content. The SWF is the amount of water 
that is either lost across the lower boundary out of the root zone profile as deep drainage 
or gained through upward capillary rise into the root zone.  
Daily average actual crop evapotranspiration was measured over about a 7-day 
period using the soil water balance method (SWB). The SWB method is based on the 
conservation of water mass within the root zone and has been widely used to estimate the 
actual crop evapotranspiration due to its accuracy (Djaman and Irmak, 2013; Frimpong et 
al., 2012; Irmak et al., 2008). 
Daily solar radiation, air temperature, rainfall, wind speed, and relative humidity 
were recorded at the research field ET107 weather station (Campbell Scientific, Inc.). 
Reference crop evapotranspiration defined as the evaporative demand of the atmosphere 
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independent of crop type, crop development, and management practices was calculated 
from the weather data using the Penman-Monteith approach (Allen et al., 1998), and is 
shown in Fig. 3.1.  
 
 
Figure 3.1 Daily precipitation, air temperature, and reference evapotranspiration during 
wheat growing season. 
 
In addition to the nitrogen rates (0, 70, 130 kg/ha) that were applied in the field, 
four scenarios of rainfall were created during the model simulation to study the impacts of 
the nitrogen rates on the simulated soil water dynamics and crop evapotranspiration under 
different amounts of the rainfall. Rainfall scenarios (125%, 100%, 75%, and 50%) were 
created by multiplying the actual rainfall by 1.25, 1.00, 0.75, and 0.50, respectively.  
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3.4.2 RZWQM2 Calibration: 
The main points of the model calibration processes that have been done for our field 
will be explained. In general, the RZWQM2 model requires a huge base of input 
information. This input is divided mainly into two parts, which are daily weather data and 
soil-crop information. The daily weather data (solar radiation, maximum and minimum 
temperature, wind speed, relative humidity, and rainfall) were used as input data for the 
experimental scenario before operating the model. Likewise, the soil profile depth and 
horizons, drainage information, planting and harvesting dates and method, planting density 
and depth, row spacing, and irrigation and fertilizer application method were specified 
before operating the model. Additional information such as, field area, elevation, latitude, 
slope, crop albedos, residue mass and age were also specified (Ma et al., 2011). The soil 
profile was subdivided into ten layers. The depth of the model layers were 0-10, 10-20, 20-
30, 30-40, 40-50, 50-60, 60-70, 70-80, 80-90, and 90-150 cm. Each simulations was started 
three months ahead of planting to equilibrate the initial soil water based on the precipitation 
(Saseendran et al., 2014a). While, soil mineral nitrogen was initialized using measured soil 
NO3 and NH4.  
As the model has a better response to the high nitrogen rate than the low nitrogen 
rate (Cameira et al., 2005), the model was calibrated for the wheat experiment using 
experimental data from the N rate of 130 kg N ha-1 under the normal rainfall scenario which 
is 100% rainfall. The calibration process was started with the soil moisture dynamics, then 
the N component, and finally the plant development components using the iterative 
calibration approach (Hanson et al., 1999; Ma et al., 2003).  
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Because soil physical and hydraulic properties (soil texture, dry bulk density, soil 
hydraulic conductivity, and soil water retention curve) are very important required model 
inputs, they were measured at several depths. Measured soil hydraulic property inputs (bulk 
density, saturated hydraulic conductivity, and water content at 0.10, 0.33, and 15 bar) were 
manually and iteratively modified within one standard error of measured values to achieve 
a satisfactory correspondence between field-measurements and model-simulations of water 
content (Table 3.1). Soil properties were calibrated layer by layer until the best-simulated 
soil water content was obtained for each layer.  
During the calibration of the soil nutrient module, the initial values of slow, 
medium, and fast soil humus pools; fast and slow soil residue pools; and the three microbial 
pools: aerobic heterotrophs, autotrophs, and anaerobic heterotrophs were set up. Field-
measured values of soil organic-matter content at each layer were used to estimate the 
initial microorganism pools based upon the conversion factors (Cameira et al., 2007; Hu et 
al., 2006; Saseendran et al., 2004; Shaffer et al., 2001). Model developers recommended 
to partition the soil-organic-carbon at each layer between the fast/ intermediate soil humus 
pools and slow soil humus pool; 5 – 40 % for the fast pools and 60 – 95 % for the stable 
pool. In our particular case, after many trials and errors with different initial partitions of 
soil-organic-carbon among pools, the best correspondence between field-measurements 
and model-simulations of soil and crop nitrogen and crop growth was achieved when the 
differences between all pools were minimized. To obtain a stabilized fraction of the 
organic-matter pools and microorganism pools a ten year simulation was performed. 
For the generic crop growth module, the planted cultivar (990003 WINTER-US) 
was used, and its specific development parameters were adjusted to ensure proper wheat 
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yield, leaf area index, and above ground biomass simulations (Table 3.3) (Hanson, 2000). 
This adjustment was performed through successive runs of the model, for the high-N 
treatment. As the calibration of crop growth and development parameters is critical for the 
water and nutrient balance (Kumar et al., 1999), crop parameters were iteratively calibrated 
to have a satisfactory match between field-measured and model-simulated values of crop 
growth, soil water dynamics, and crop evapotranspiration. 
 
Table 3.3 Default and calibrated crop parameters for wheat.  
 
 
After the separate calibration of each model component, the simulated results of all 
components were checked and, if necessary, calibration was reiterated until obtaining more 
accurate model simulations; where the low values of RMSE, NRMSE, and E% were the 
criteria for accepting the model performance and simulations accuracy (Fang et al., 2008; 
Saseendran et al., 2014b). The calibrated model was used for simulating the effects of 
different nitrogen rates on soil water dynamics, crop evapotranspiration, and crop growth 
under four rainfall scenarios with 100%, 125%, 75%, and 50% of the rainfall. 
Three statistical criteria were used for the comparison between the simulations and 
measurements: (i) Root Mean Squared Error (RMSE); (ii) Mean Bias Error (MBE); and 
(iii) Normalized Root Mean Square Errors (NRMSE). 
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              𝑅𝑀𝑆𝐸 =  √
1
𝑛
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𝑛
𝑖=1
                                               (𝑒𝑞 3.8) 
             𝑀𝐵𝐸 =  
1
𝑛
∑(𝑃𝑖 − 𝑂𝑖)                                                      (𝑒𝑞 3.9) 
              𝑁𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸
𝑂𝑎𝑣𝑔
                                                              (𝑒𝑞 3.10) 
where Oi is the measured value, Pi is the simulated value, Oavg is the mean of the measured 
values, and n is the number of data pairs. RMSE reflects a magnitude of the mean difference 
between measured and simulated results. The MBE indicates a systematic positive or 
negative bias in the model simulations. NRMSE indicates the goodness of the model. A 
perfect match between experimental and simulation results would yielded an NRMSE = 0 
(Ahuja and Ma 2002). 
 
3.5 Results and Discussions: 
As the RZWQM2 has been shown to be a good model for presenting soil water 
dynamics and crop evapotranspiration with a high temporal resolution (Anapalli et al., 
2016a; Cameira et al., 2005; Ma et al., 2017; Malone et al., 2007), it has been chosen to 
study the effect of applied N fertilizer on soil water dynamics and ETc under different 
rainfall amounts. The RZWQM2 model reflected the impact of nitrogen application rates 
on the daily soil water dynamics, crop evapotranspiration, and crop growth under different 
N rates. When the first application (35 kg N ha-1) was added to plots of High-N and Low-
N treatments on day 132 of the growing season, the model simulations of High-N and Low-
N were differentiated from the simulations of Zero-N treatment. Also, when the second 
application was added on day148 of the growing season, the High-N simulation results 
71 
differed from the Low-N simulations because 95 kg N ha-1 was applied to the High-N 
treatment, whereas only 35 kg N ha-1 was applied to the Low-N treatment. 
As the purpose was to explore the impacts of applying N rate on the soil water 
dynamics and ETc, we will briefly refer to the RMSE, MBE, and NRMSE values to give 
an idea about the model accuracy during the simulations of this study.  
Soil water content at different soil profile depths was simulated under different N 
rates and rainfall scenarios. Under the normal rainfall scenario (100% rainfall), it was 
simulated with RMSE of 0.05, 0.04, and 0.03 for the High-N, Low-N, and Zero-N, 
respectively, and the NRMSE was 0.19, 0.15, and 0.13 for the same N rates, respectively 
(Fig. 3.2-a). Generally, the RMSE, MBE, and NRMSE values were decreased with 
increasing the depth. These results are statistically comparable to those found in other 
studies of Saseendran et al. (2014) under different N treatments and Yu et al. (2006) using 
two generic modules of RZWQM. 
Under the 100% and 125% rainfall scenario, the highest SWC was simulated under 
High-N rate at all soil depths, while the Zero-N rate presented the lowest SWC which may 
be due to the effect of the crop evapotranspiration (Fig. 3.2 & 3.3). The differences between 
simulated SWC of N rates were decreased with increasing the soil depth. On the other hand, 
under the 75% and 50% scenarios, there was no effect of the N rates on the SWC at all soil 
depths probably due to the soil water availability and its movement as well as the water 
stress (Fig 3.4). In the figure 3.4, all N rates were overlapped for 50% and 75% rainfall 
scenarios. 
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Figure 3.2. Model-simulated vs. field-measured soil water content with time in different 
soil layers for the High-N, Low-N, and Zero-N rates under the 100% rainfall.  
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Figure 3.2. Cont’d. 
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Figure 3.3. Model-simulated soil water content with time in different soil layers for the 
High-N, Low-N, and Zero-N rates under the 125% rainfall. 
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Figure 3.3. Cont’d. 
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Figure 3.4. Model-simulated soil water content with time in different soil layers under the 
50% and 75% rainfall; All N rates were overlapped for 50% and 75% rainfall scenarios. 
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Figure 3.4. Cont’d. 
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The measured soil water flux for the days with measurements of SWC and 
simulated SWF across the 90 cm plane of the root zone for all N rates and under different 
rainfall scenarios are presented in Figure 3.5. Under the 100% rainfall scenario, the model 
produced reasonable results of SWF through the bottom boundary with RMSE of 1.06, 
0.96, and 1.08 mm/day for the High-N, Low-N, and Zero-N, respectively (Fig. 3.5-a), 
which is within the range stated in Ma et al. (2008). Under the 100% and 125% rainfall 
scenarios, the High-N rate yielded the highest SWF out of the root zone, while the lowest 
SWF out of the root zone was under the effect of the  Zero-N rate (Fig. 3.5-a&b). However, 
all the N rates presented similar SWF under the 75% and 50% rainfall scenarios (Fig. 3.5-
c&d). When the amount of the rainfall was increased from 100% to 125%, the SWC was 
unchanged at all soil depths due to the limitation of the soil water holding capacity. While, 
the SWF out of the root zone was clearly increased with increasing the amount of the 
rainfall. However, SWC and SWF were decreased with decreasing the rainfall to 75% and 
50%.  
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Figure 3.5. Soil water flux across the 90-cm plane of the root zone for High-N, Low-N, 
and Zero-N rates under the: (a) 100% rainfall, (b) 125% rainfall, (c) 75% rainfall, and (d) 
50% rainfall; All N rates were overlapped for 50% and 75% rainfall scenarios. 
 
As it is used to partition ETc between crop transpiration and soil evaporation (Ma 
et al., 1999), leaf area index is one of the most critical crop growth parameters. Simulated 
LAI directly impacts the simulated evapotranspiration, and therefore, it influences the soil 
water dynamics. Figure 3.6-a shows the RMSE values under the 100% rainfall scenario 
which were 0.42, 0.32, and 0.53 mm/day for the High-N, Low-N, and Zero-N, respectively, 
which is lower than RMSE values reported by Anapalli et al. (2016a). As expected, the 
High-N rate shows higher LAI values than the other N rates under the 100%, 125%, and 
75% rainfall scenarios (Fig. 3.6-a, b, & c). However, under the 50% rainfall scenario, there 
was no impact of the N rates on the crop growth, and the LAI values were almost identical 
for all N rates due to the water stress that appeared under the drought conditions (Fig. 3.6-
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d). The 75% rainfall scenario produced higher LAI values for the High-N and Low-N rates 
than the other rainfall scenarios. However, the 50% rainfall scenario presented higher LAI 
values for the Zero-N rate than the other rainfall scenarios. The reason behind that could 
be the influence of the SWF which was higher under the 100% and 125% rainfall scenarios 
than the others. When the SWF out of the root zone increases, the lost mineral-N out of the 
root zone increases as well, whereas the N-uptake decreases which affects the crop growth.  
 
 
Figure 3.6. Leaf area index for High-N, Low-N, and Zero-N rates under the: (a) 100% 
rainfall, (b) 125% rainfall, (c) 75% rainfall and (d) 50% rainfall. 
 
 
Daily average actual crop evapotranspiration was calculated over about a 7-day 
period using the soil water balance method (SWB). The model results in satisfactory values 
of RMSE, MBE, and NRMSE for all N rates under the 100% rainfall scenario (Fig. 3.7). 
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With RMSE of 1.23, 1.43, and 1.60 mm/day, the ETc was simulated for High-N, Low-N, 
and Zero-N, respectively. Statistically, ET simulations for all N rates were comparable to 
Anapalli et al. (2016a) and Cameira et al. (2005) findings. Zero-N rate produced the highest 
simulated ETc for the period of 156-215 day after the sowing; however, it produced the 
lowest simulated ETc for the rest of the wheat growing season due to the influence of 
simulated LAI (Fig. 3.7).    
 
 
Figure 3.7. Simulated vs. field-measured actual crop evapotranspiration for: High-N, Low-
N, and Zero-N rates under the 100% rainfall.  
 
Figures 3.8-a & b show a comparison of simulated cumulative actual crop 
transpiration, actual soil evaporation, and actual crop evapotranspiration among the High-
N, Low-N, and Zero-N rates under 100% and 125% rainfall scenarios. As expected, the 
highest cumulative simulated crop transpiration was presented under High-N rates, while 
Zero-N rate presented lower simulated crop transpiration than the other N rates because the 
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simulated LAI of the Zero-N rates did not reach values of 3. As mentioned by Ham and 
Heilman (1991), Monteith et al. (1965), and Szeicz and Long (1969), most crop leaves 
contribute to crop transpiration when LAI is less than 3. However, the transpiration does 
not reach the maximum amount until LAI becomes 3 or more. That means the leaf area 
index becomes a non-limiting factor for evapotranspiration when it has a value of 3 or 
larger, and crops with a LAI of 3 or larger will have the same evapotranspiration rate if soil 
water is not limiting (Farahani and Bausch, 1994; Kang et al., 2003; Kristensen, 1974). 
Simulated soil evaporation under Zero-N rates was higher than the other rates, particularly 
under the 125% rainfall, due to the soil ability to evaporate all the abundant soil water. This 
might explain why cumulative ETc was higher for the Zero-N than the other rates.  
Figure 3.8-c shows simulated crop transpiration, soil evaporation, and 
evapotranspiration under 75% rainfall. Under the 75% rainfall scenario, the High-N and 
Low-N showed similar values of the crop transpiration as well as similar values of the soil 
evaporation. However, crop transpiration and soil evaporation values of the Zero-N rates 
were differentiated from the other N rates. The ETc values were similar for all N rates. 
From the results of the 100%, 125%, and 75% scenarios, we conclude that under high 
rainfall amounts, the soil evaporated higher amounts of water which made the ETc of the 
low crop cover higher than ETc of the high crop cover.  
Figure 3.8-d shows crop transpiration, soil evaporation, and evapotranspiration 
under the 50% rainfall scenario. In this scenario, all N rates produced similar values for 
crop transpiration, soil evaporation, and evapotranspiration due to drought conditions 
which limited the LAI to less than 3 for all N rates. 
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Figure 3.8. Cumulated actual transpiration, evaporation, and evapotranspiration (mm) for 
High-N, Low-N, and Zero-N rates under the: (a) 100% rainfall, (b) 125% rainfall, (c) 75% 
rainfall and (d) 50% rainfall. 
 
It was expected that ETc would be higher for the High-N rate than the other N rates, 
at least under one of the rainfall scenarios, but in all rainfall scenarios, the ETc of the High-
N rate was lower or equal to the other N rates which raises the question of: “Is it realistic” 
though, for ETc of a crop that exhibits a large LAI be less than or equal to that of a crop 
that exhibits a small LAI, regardless of rainfall amount? In other words, the ETc values 
under high LAI are lower or equal to the ETc values under low LAI for both abundant and 
deficit rainfall?  
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3.6 Conclusions: 
 The RZWQM2 model was used to quantify the effect of N application rate on soil 
water dynamics and ETc behavior of rainfed winter wheat under different rainfall 
scenarios. The model was calibrated using the High-N rate due to the necessity of the model 
calibration for each field in order for the model to predict water/nitrogen dynamics and 
crop growth with adequate accuracy. The results indicate that the model performed 
satisfactorily in simulating the impacts of N rate and rainfall on the daily wheat ETc, SWC, 
SWF, and LAI. N Application rate showed a noticeable influence on the simulated soil 
water dynamics and crop evapotranspiration. Furthermore, this influence was 
differentiated based on the rainfall. Under the 100% and 125% rainfall scenarios, simulated 
SWC, SWF, and LAI increased with increasing N rate, while ETc decreased by increasing 
N rate. Simulated crop transpiration increased with increasing N rate, whereas soil 
evaporation increased with decreasing N rate. Moreover, the increase in simulated soil 
evaporation was higher than the increase of the simulated crop transpiration which yielded 
a higher simulated ETc for the Zero-N rate than the other N rates. However, under the 75% 
and 50% rainfall scenarios, all N rates presented similar results of SWC, SWF, and ETc. 
Increasing the rainfall amount from 100% to 125% presented similar SWC, while SWF 
increased by increasing rainfall amount due to the effect of the soil water holding capacity. 
When the rainfall amount fell below 100%, the SWC, SWF, ETc, and LAI values also 
decreased, except the LAI under Zero-N rate was increased. 
The results of this study not only provide indications for using the RZWQM2 as an 
agricultural management tool but also show the applicability of the RZWQM2 for 
improving the scientific understanding of the interaction between N rate and water 
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dynamics in the field. Similar testing across diverse crops, soils, and rainfall conditions 
could be a critical need in the future to build more confidence in our results. Also, the use 
of weighing lysimeters under similar test conditions could be a good method to improve 
the understanding of the interaction between N application rate and ETc behavior. 
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Chapter 4 Conclusions: 
Agriculture management is necessary for maintaining food sustainability to account 
for the rapidly growing world population. It is well known that utilizing a good agriculture 
management system is the best method to improve crop production. However, this system 
requires the integration of all components of the soil, crop, environment, and atmosphere, 
which is not possible in the field. Therefore, using agricultural system models is the best 
way for obtaining an integrated agriculture management system. Models are critical tools 
with capability of combining many complex processes of soil, crop, environment, and 
atmosphere to estimate water/nutrient dynamics and crop development at a high temporal 
resolution. The RZWQM2 is one of the most widely used agriculture system models for 
agriculture management and scientific purposes. However, sometimes it is not able to 
obtain an acceptable agreement between field-measured and model-simulated results 
which is probably due to the inaccuracy of model inputs.  
The objectives of this study were to (i) investigate the effect of using measured soil 
hydraulic properties as RZWQM2 input without calibration compared to calibrated input 
parameters; (ii) explore the capability of calibrating measured soil hydraulic property input 
parameters for one crop and using them for other crops without further calibration; and (iii) 
study the effect of the nitrogen application rate on the behavior of soil water dynamics and 
crop evapotranspiration under different rainfall amounts using RZWQM2. Field 
experiments with different field conditions and crops were performed to collect field data 
for calibrating and validating the model as well as for understanding the interactions 
between nitrogen regimes and water dynamics.  
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The effect of using measured and estimated soil hydraulic properties as model 
inputs on model simulations was studied using an experiment with soybean, corn, and 
fallow soil to build five model scenarios of modeling soil hydraulic property input 
parameters (Chapter 2, Section 1). The results showed that soil hydraulic property inputs, 
particularly 𝜃 values at 0.3 and 15 bar presented a strong effect on simulated water content 
and crop growth. While, the water flux was much more affected by the inputs of saturated 
soil hydraulic conductivity and bulk density than the 𝜃 inputs. Water stress at any time 
during the growing season showed strong effects on the crop development and 
evapotranspiration. Additionally, the uncalibrated measured soil hydraulic property inputs 
produce the best simulations with regard to SWF, ETc, and yield for soybean which 
indicated the capability of building a RZWQM2 model that produces meaningful outputs 
even without calibration. 
The capability of calibrating measured soil hydraulic property input parameters for 
one crop and using them for the other crops without further calibration was explored under 
field conditions with soybean, corn, wheat, and fallow soil (Chapter 2, Section 2). 
Measured soil hydraulic property input parameters were calibrated for each of soybean, 
corn, and fallow soil, and then they were used under wheat crop for evaluation. All 
scenarios of calibrating measured soil hydraulic property input parameters yielded 
acceptable simulations of daily crop evapotranspiration, soil water dynamics, crop growth 
and yield, and soil/crop nitrogen during the validation phase under the wheat crop. That 
indicates the capability of calibrating soil hydraulic property inputs for only one time at 
each field regardless of the crop type. 
88 
In chapter 3, a study is described in which three nitrogen application rates were 
applied to the wheat crop, and four scenarios of rainfall were created to study the effect of 
the nitrogen application rate on the behavior of soil water dynamics and crop 
evapotranspiration under different rainfall amounts. The results indicate that, under the 
100% and 125% rainfall scenarios, the Zero-N rate showed the highest simulated daily 
evapotranspiration, while it showed the lowest simulated daily soil water content and soil 
water flux. However, all nitrogen rates yielded similar results of daily soil water content, 
soil water flux, and crop evapotranspiration under the 75% and 50% rainfall scenarios. Soil 
water content was not changed when the rainfall increased from 100% to 125%, while the 
soil water flux was increased. On the other hand, all model simulations of water dynamics 
and leaf area index were decreased with decreasing the rainfall below 100% except the 
crop leaf area index for Zero-N rate was increased with decreasing the rainfall amount. 
Hence, nitrogen application rate has a noticeable impact on the soil water dynamics, crop 
evapotranspiration behavior, and crop growth, but this impact depends on the amount of 
received rainfall. 
These findings have implications on model development, specifically in 
determining suitable calibration for the soil part of the RZWQM2 model. The study 
highlighted the effects of measured soil hydraulic properties as related to model 
simulations as well as the impacts of the nitrogen application rates on the water status. 
Further studies under other conditions (including different soils, crops, and weather) would 
be useful to obtain broader results for the impacts of measured soil hydraulic properties on 
integrated model outputs. Also, a similar study of using weighing lysimeters and 
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RZWQM2 would be a good method for exploring the impacts of the nitrogen application 
rates on the behavior of the soil water dynamics and crop evapotranspiration components. 
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Appendix: 
Appendix 1. 
Model Scenario  Scenario Description 
UCM The arithmetic means of measured hydraulic parameters 
CCM Calibrating measured hydraulic parameters, for corn crop 
FCM Calibrating measured hydraulic parameters, for fallow soil 
CCP Calibrating  soil hydraulic parameters, derived from soil texture, for corn crop 
FCP Calibrating  soil hydraulic parameters, derived from soil texture, for fallow soil  
WC Calibrating measured hydraulic parameters for wheat crop 
SC Calibrating measured hydraulic parameters for soybean crop 
FC Calibrating measured hydraulic parameters for fallow soil 
CC Calibrating measured hydraulic parameters for corn crop 
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